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ABSTRACT

Seizure detection using machine learning is a critical
problem for the timely intervention and management of
epilepsy. We propose SeizFt, a robust seizure detection
framework using EEG from a wearable device. It uses fea-
tures paired with an ensemble of trees, thus enabling further
interpretation of the model’s results. The efficacy of the un-
derlying augmentation and class-balancing strategy is also
demonstrated. This study was performed for the Seizure
Detection Challenge 2023, an ICASSP Grand Challenge.

Index Terms— seizure, eeg, augmentation, xai, inter-
pretability, imbalanced classes, electroencephalogram

1. INTRODUCTION

The analysis of EEG recordings by domain experts to de-
tect seizures is arduous and expensive but essential for the
diagnosis of epilepsy. Therefore, the development of an au-
tomated wearable EEG-based epileptic seizure detection sys-
tem would be invaluable for people with epilepsy [1]. The
detection of seizures is an imbalanced binary classification
problem, where seizure and non-seizure are the two labels.
Recently, deep learning approaches have shown great promise
in seizure detection.

We propose SeizFt, a seizure detection framework with
data augmentation and class balancing strategies buttressing
robust features for an interpretable model using an ensemble
of trees. Despite the challenges in designing and implement-
ing a feature-based interpretable model, it enhances trust and
accountability and enables diagnosis of model performance
[2]. This work was performed for the Seizure Detection Chal-
lenge 20231, an ICASSP Signal Processing Grand Challenge.

The Seizure Detection Challenge aimed to develop ma-
chine learning frameworks for accurately detecting seizures
in patients with epilepsy using EEG data obtained from a dis-
creet wearable device with behind-the-ear electrodes. The
challenge focused on two tasks.

Task 1 (T1) of the challenge involved developing a ma-
chine learning model for detecting seizures in wearable Sen-
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sorDot (SD) data using the entire SeizeIT1 [3] dataset with
wearable EEG data from the SD device, single-channel ECG
data, and the full scalp EEG data. SeizFt obtains 56.88
Total Points on the test set, SeizeIT2 [1].

Task 2 (T2) focused on applying data manipulation tech-
niques to obtain the best performance of a provided Deep
Learning model for wearable seizure detection. The model
is an adapted version of ChronoNet [4] and had to be trained
using the same dataset as T1 [3]. The proposed approach for
T2 obtains 18.30 Total Points on the test set, SeizeIT2 [1].

2. METHOD

We propose SeizFt, an interpretable feature-based ap-
proach to seizure detection for T1. It comprises the following
sequence of steps during training:
1. Fourier Transform (FT) Surrogates [5, 6] is used to aug-

ment the EEG signals only during training and balance the
number of seizure and non-seizure epochs.

2. Robust features are extracted from the EEG, inspired by
recent work in interpretable sleep staging [7, 8]. Features
include the following: Standard Deviation (STD), Inter-
Quartile Range (IQR), Skewness, Kurtosis, Number of
Zero Crossings, Hjorth mobility and complexity, Fractal
dimensions, Entropies, and the Power in Different Energy
Bands, such as Delta.

3. An ensemble of trees using CatBoost, with weights to han-
dle class imbalance considering the augmentation strategy,
is trained to classify seizures and non-seizures in the 2-
second epochs.

The test cycle commences with Step 2, and the resulting fea-
tures are input to the trained CatBoost model to get the pre-
dictions for each epoch.

For T2, we used FT Surrogate for EEG augmentation and
handling class imbalance between seizure and non-seizure.
The relative class weights during training were updated in re-
sponse to the augmentation effect.

3. EXPERIMENTS

Experimental Setup. SeizeIT1 [3] was randomly split into
a training and validation set in an 8:2 ratio. Results in theIC
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following sections are from evaluation on SeizeIT21 [1].
Metrics. Sensitivity using the any-overlap method (OVLP)
[9] and False Alarm (FA) rate using epoch-based scoring
(EPOCH) [9] are used for evaluation. A weighting factor
of -0.4 was used to balance sensitivity and FA rate, and the
scores were averaged with weights of 0.6 for Task 1 and 0.4
for Task 2. Details are provided in the challenge website 1.

Pointsx = Sensitivityx − 0.4 ∗ FAsx/hr (1)
Total points = 0.6 ∗ Points1 + 0.4 ∗ Points2 (2)

Table 1: Model Evaluation on SeizeIT2 [1]
Sensitivity
OVLP [9]

False alarm per hour
EPOCH [9] Total Points

ChronoNet [4] 58.22 117.12 11.37
AttentionNet 53.57 30.85 41.23
SeizFt (T1) 62.86 14.93 56.88
ChronoNet (T2) 22.22 9.82 18.30

Results. Table 1 compares the results of the proposed ap-
proaches for the two tasks SeizFt (T1) and ChronoNet (T2)
with a proposed deep neural network with multi-headed atten-
tion, we refer to as AttentionNet, and the baseline ChronoNet
[4]. SeizFt (T1) outperforms the other frameworks. The
effect of the augmentation and class balancing strategy is
demonstrated by the performance improvement of ChronoNet
[4] in Task 2 by significantly reducing the False Alarm rate
and improving the Total Points.

Fig. 1: Most Important Features of SeizFt

Interpretation. Fig. 1 highlights the five most important
features in SeizFt. The 1st feature represents the lower
delta band of 0.4-1 Hz, with lower values positively affect-
ing seizure classification. On the other hand, the 5th feature
representing the theta band of 4-8 Hz has the opposite effect.
Thus, SeizFt shows that seizures are denoted by higher fre-
quency EEG.

1https://biomedepi.github.io/seizure_detection_
challenge/

4. CONCLUSION

The proposed approach, SeizFt, demonstrates the potential
of robust features paired with a reliable augmentation strat-
egy in detecting seizures, a necessity for an epilepsy diagno-
sis. It highlights that interpretable approaches can outperform
black-box deep learning methods in the physiological moni-
toring of rare events.
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